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Abstract

Open-vocabulary learning on CLIP provides remarkable
generalization on diverse concepts, however, falters under
the realistic streaming open-world evaluations for Stability
against distractor classes and Extensibility to novel classes.
Current fine-tuning methods often fail these tests since they
are mainly designed for closed-set conditions, leading to the
performance gaps while the target vocabulary progressively
scales. We formalize a “vocabulary scaling law” showing
that these openness measures can be lower-bounded by per-
formance on the full class-name universe, implying that ro-
bust fine-tuning should: (i) account for the entire vocabu-
lary, (ii) tune class-name embeddings rather than context,
and (iii) enforce orthogonality between prompt embeddings
including training and open-set class names. Guided by our
analysis, we propose Submodular-Vocabulary Fine-tuning
(SVFT), a bi-level optimization framework that approxi-
mates the intractable objective of tuning all class name em-
bedding by greedily selecting a small, informative subset
of class names via constrained submodular maximization,
thus, allows the employment of efficient greedy algorithm
for the near-optimal class-name subset selection to fine-
tune CLIP instead of using all open classes. Across exten-
sive experiments, SVFT consistently improves both stability
and extensibility, advancing the openness and practical ro-
bustness of CLIP-based vision-language models.

1. Introduction

Vision-Language Models (VLMs) such as CLIP [9, 21]
have marked a paradigm shift in visual recognition, lever-
aging natural language supervision from massive image-
text datasets to enable incredible few-shot and even zero-
shot inference [35, 36]. Their hallmark capability, open-
vocabulary prediction, allows for the classification of im-
ages using arbitrary, user-defined category names, breaking
free from the constraints of predefined, fixed-class datasets.
This flexibility has positioned VLMs as a basic technology
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Figure 1. The comparison between fine-tuning for openness and
the other task setups for CLIP from the aspects of whether there
are new classes join the training and evaluation, as well as whether
the training and evaluation are continually executed.

for a wide array of downstream applications that demand
generalization to diverse and unforeseen visual concepts.

Despite their successes, a critical gap remains between
their typical evaluation and the demands of real-world de-
ployment. In particular, most fine-tuning schemes and eval-
uation protocols for CLIP operate under the unrealistic as-
sumption that the evaluated images are exactly consis-
tent with the classes to construct the open vocabulary. In
other words, existing open-vocabulary predictors are mostly
evaluated with close-set classes in the stationary setups. In
the pursuit of the openness of CLIP (Fig.1), the concepts
of stability and extensibility have emerged as more rig-
orous metrics for re-evaluating CLIP. Stability measures a
model’s robustness to maintain accuracy on known classes
when the vocabulary is expanded with unseen “distractor”
concepts, while extensibility measures its zero-shot ability
to correctly classify close-set and open-set categories along
with the same vocabulary expansion (Fig.2). As shown by
[22], the CLIP family and their fine-tuning methods degrade
significantly on these metrics while the vocabulary scaling,
severely hampering their utility in an open world.

To demystify the reasons why they fail, our paper be-
gins by investigating the underlying principles that gov-
ern CLIP’s performance in an open-vocabulary context. We
formalize a ‘“vocabulary scaling law”, revealing that a
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Figure 2. The illustration of stability metric (a) and extensibility metric (b) proposed to quantify the openness of CLIP. Specifically, the
stability measures the model’s ability to maintain performance on its known, fine-tuned classes when the evaluation vocabulary is expanded
with novel, unseen “distractor” classes. In contrast, the extensibility measures the model’s zero-shot generalization capability to correctly
classify images of new classes that were not part of the fine-tuning set. Together, these metrics assess a model’s robustness in an open-world
setting: it should not forget what it knows (stability) while being able to adapt to what it has never seen (extensibility).

model’s prediction confidence for a correct class is inher-
ently lower-bounded by its performance on the scaled vo-
cabulary that includes all possible open-set classes. This
leads to Takeaway 1: to maximize stability and extensibil-
ity on known concepts, fine-tuning should not be limited
to the target training vocabulary V*) but must account
Jor the entire open-vocabulary universe U. However, this
presents a critical trade-off, as naively adjusting the model
for all classes in U can corrupt the carefully learned embed-
dings for unseen classes, thereby harming zero-shot gener-
alization. Our analysis also reveals (Takeaway 2) that it can
be mitigated by exclusively fine-tuning the class-name em-
beddings for VT) while enforcing an orthogonality con-
straint against the embeddings of classes in U/ V™),

Enlighten by these insights, we propose a novel approach
Submodular-Vocabulary Fine-tuning (SVFT) to make this
theoretically-grounded optimization practical. In particular,
fine-tuning CLIP on the entire class universe is compu-
tationally infeasible due to its immense size. SVFT over-
comes this through a continuous-discrete bi-level optimiza-
tion framework. At each step, instead of using all open-
vocabulary classes, our approach selects a small yet highly
representative subset of classes for effectively approxi-
mating the full objective on the vocabulary universe. We
demonstrate that this class-name subset selection can be for-
mally cast as a submodular function maximization problem
under the cardinality contraint. This key connection allows
us to employ an efficient greedy-search algorithm to find a
near-optimal class-name subset conditioned on the prompt-
based feedback with regards to their loss inferences, making
our approach both scalable and highly effective.

Our contributions are threefold: (1). we provide the first
formal analysis of the vocabulary scaling law, the key rules
to achieve the openness of CLIP; (2). we develop the SVFT
framework, which operationalizes these insights into a prac-

tical and efficient class-name fine-tuning strategy; (3). we
establish the connection between open-vocabulary learning
and submodularity. In extensive experiments, we verify the
vocabulary scaling laws from diverse aspects, then demon-
strate that the extraordinary performance of SVFT to the
robustness on both stability and extensibility.

2. Related Work

CLIP and open-vocabulary prediction. CLIP and its vari-
ants [9, 21, 25, 26, 37], emerge as a breakthrough in
transferring visual representations through natural language
supervision, enabling generalization across diverse visual
recognition tasks [2, 7, 10, 32]. It establishes contrastive
pre-training on massive image-text pair datasets to facilitate
open-vocabulary prediction, i.e., a prompt template such as
“a photo of a [CLASS],” with any potential category name
can be semantically encoded as the category-specific clas-
sification weight. A parallel research direction [1, 17, 28]
explores sequence-to-sequence generation rather than con-
trastive discrimination for open-vocabulary recognition, be-
yond our scope.

Open-set and open-world learning. Open-set learning
[5, 13, 23,27, 29, 30, 38, 39] challenges classification sys-
tems to identify samples from categories not seen during
training as “unknown.” It is closely related either as one-
versus-rest classification [23] or as multi-class classification
[14, 24] tasks. Open-world learning [3, 20] extends it by
additionally requiring systems to incrementally incorporate
newly labeled unknown instances into an expanding classi-
fication framework. Distinct from these paradigms, CLIP-
driven open-vocabulary prediction can operate inference in
a post-training-free manner. However, [22] verified that if
open-vocabulary prediction incorporate more open-set class
names without any target dataset training, the zero-shot in-



ference performance by CLIP will gradually drops in terms
of the extensibility and the scalability metrics. It signifi-
cantly hampers the validity of CLIP since we can not expect
to a lexical list before classifying objects in the open world.
Open-vocabulary fine-tuning. Instead of zero-shot infer-
ence, partially fine-tuning CLIP with a few of target train-
ing data can yield more powerful open-vocabulary predic-
tion models. The fine-tuning techniques can be divided into
three research lines: (1) Adapter-based tuning [12, 31, 34]:
inserting an extra tiny layer/module to the frozen vision or
text encoders, which are fine-tuned in terms of the target
training set; (2) Prompt-tuning [6, 35, 36]: fine-tuning the
context embedding parameters of the prompt template to
classifying the target images; (3) Name-tuning [18, 19]: di-
rectly fine-tuning the category-specific parameter if we need
to recognize the images with respect to this category. Some
approaches [15, 18] fall into their intersection to reap their
both advantages.

3. Background: the Openness of CLIP

In this section, we provide the preliminaries of CLIP model
and how to evaluate its openness by stability and extensibil-
ity, the critical metrics to facilitate our follow-up analysis.
CLIP-based open-vocabulary prediction. Suppose f,g
be the vision and text encoders well-trained by CLIP. The
model accepts an image x along with a set of candidate cat-
egories whose names are summarized into a farget vocab-
ulary V) = {w;}™ (w; denotes the i-th class name in
V(1)) Then the predictor Py, classifies the image x by

y = argmax Py 4 (x, V(T))

ey (™)
— argmax 2 (9T (e(w), F(x))/7) M
iev Doy exp ((g(T(e(wy))), f(x))/7)’

where T'(e(w;)) denotes the textual prompt embedded
from “a photo of a w,”, where e(w;) indicates the class-
name embedding of the class name w; and T'(-) repre-
sents the embedding of context format, therefore we iso-
late the post-training processes of e(w;) and T into class-
name prompt-tuning and context-based prompt-tuning, re-
spectively. (-, -) denotes cosine similarity the between the
normalized image feature f(x) and the normalized prompt
feature g(T(e(w;)) produces open-vocabulary prediction
Py , that uses g(T'(e(w;)) as the classifier’s weight vector
with respect to the class w;.

Vocabulary stability and extensibility. The evaluation
of Py ,’s few-shot and zero-shot inference are almost con-
ducted under the assumption that the test-set image x be-
long the classes in the target vocabulary (Fig.2 (a-b)). The
unpractical setup motivates the exploration to CLIP’s open-
ness to the vocabulary including more other categories that
all test images do not belong to, which refers to the stabil-

ity and the extensibility metrics derived from [22]. Specifi-
cally, suppose that Dy, denotes the dataset labeled by the
classes in a vocabulary V, and {V;}, represents a se-
ries of augmenting vocabularies that each holds the consis-
tent size m with the original target vocabulary V(T) (i.e.,
Vie[1:M], |V;|=m). These vocabularies satisfy that V; =
VT and Vi, je[1:M], V; N V; = 0 if j # i (i.e., no training
images are categorized into the classes in {V;},). Then
we can define the series of scaling (target) vocabularies

{Vl-(T) M. through the vocabulary scaling process
VI = UiV, stV ~ Py V), vie M. )

where Py (|VZ(2) indicates the discrete stochastic process
that draw m classes beyond the previous-stage target vo-
cabulary V"), and Py (Vi |VS")) = 1y, _ycry. Given this,
the stability ACCs(V")) and extensibility ACCr (V™))
can be computed by drawing multiple vocabulary sequences
from Py (- \Vgi), then average their mean accuracy at each
step ¢, i.e.,

ACCS(V(T)) = E{Vj};-VLl~PV,VfT):U§:1\/j(T)

M

1
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i
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M
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where V{V;}L, ~ Py, the stochastic process holds U =
Uj]‘ile with the vocabulary universe U to include all open
classes for the classification interference. It is noteworthy
that, the original formulations of stability and extensibility
are reframed into their equivalent presentation in Eq.3,4, in
order to facilitate our analysis. We certify their consistency
in our Appendix.B.

4. Vocabulary Scaling Law behind CLIP

The concepts of stability and extensibility significantly
challenge the CLIP’s performances upon the in-distribution
(ID) and out-of-distribution (OOD) generalization eval-
uated in the conventional manner. Concretely, they as-
sesses the evaluation by progressively introducing open-set
classes to perturb the prompt-based classification accuracy.
While such measures are crucial to capture CLIP’s perfor-
mance in an open-world context, existing CLIP-based open-
vocabulary predictors have notable shortcomings: they ei-
ther rely exclusively on the zero-shot inference endowed by
pre-training, or they undergo few-shot fine-tuning without
explicit consideration for stability and extensibility.



In this section, we discussed how the stability and ex-
tensibility of CLIP change along with the target vocabu-
lary V(T) scaling demonstrated in Eq.2. It leads to some
takeaways to customize existing CLIP-based few-shot fine-
tuning approaches to improve the stability and the extensi-
bility. They enlighten our methodology in the next section.

A simple lower bound of openness. Let’s consider each
augmenting open-vocabulary sequence {Vj(T) jﬂil drawn
from the stochastic process Py . Based on formulations 3,4,
there are some significant findings observed:

» The sequence of open-vocabulary prediction {Pj 4 (x,
Vi(T)) }M . determines ACCg with regards to Py .
¢ ACCg holds a equivalent decomposition as

(T)
ACCg(V")) .= IE{V}M ~Py V(T)—U';:l‘/f“(

M

1 T
M Z(E<x,y>NDv(T> H(y - argrr(lj;})x Fro (X’ Vi( ))))+
i=1 JeV;
| XM
z 1 P p
<xysap; ., I(y=argmax P, (V")
M -1 =Y keUi_y V;

(%)
where the first term exactly refers to the stability ACCs.
Eq.5 illustrates the optimization focuses on stability and
extensibility could be coupled on the classes in V(7). To
this, fine-tuning with few-shot instances drawn from D\,
can potentially outperform CLIP’s zero-shot inference on
ACCS and ACCE
Provided the observations, for each < x,y>~ Dy,

V( )) M.

we derive an inequality chain on { Py ,4(x, V;

Proposition 1. V < x,y >€ Dy,r), and wy indicates the
class name of y that x belongs to. V{V;} .| ~ Py, it holds

T ). T T
F)}’“‘;y)(x7 VI(LI)) < - < P(“y)(x V( )) < P;?‘;y)(x’ Vl( ))

(6)
where
w T ex T(e(wy))), f(x
P (x, VD) = \v?Tﬁ«g( (e(wy))), f(x))/7)
Dokt exp((Q(T(e(wk))%f(X)>/z;)

Proposition 1 implies a critical improved technique to
optimize CLIP for the stability and extensibility. First, min-

— log P;?‘;’) (x, VJ(WT)

improve all the classification results across the scaling vo-

imizing E_, o~ D ) sufficiently

cabularies in {V{"}} because P;f;y)(x, VY typically
determine the lower bound of their vocabulary prediction
in Eq 5. Second, despite the scaling vocabulary sequence

{vrIM . varying with regards to the uncertain order of

open-class names drawn from the stochastic process pT ),

V(T)—UM 1 V;=U are completely deterministic on the vo-
cabulary universe U. Combining the result in Eq.5, we

know that ACCg(V(")) and ACCg(V")) on D) are
both lower bounded by P§" (x, U).

Takeaway 1. Training P( v) (x,U) to classify x ~
D, () improves the stablhty, and also improves the
part of the extensibility with respect to V(7).

The takeaway explains the sub-optimal of existing CLIP-
based approaches on the openness metrics, since their fine-
tuning are limited in classifying V(7) yet never incorporate
the names of the open classes in U/V(T). Proposition.1 im-
plies that their performances on the stability and extensi-
bility consistently decrease along with more open classes
progressively included by scaling the target vocabulary.

Why tuning class-name embedding matters for ex-
tensibility? It is noteworthy that in the open-world mech-
anism, training images with their class names in {V;}M,
are unavailable, thus, CLIP’s performance on the extensibil-
ity ACCg(V™)) with respect to {DU§=1V1}£2’ (i.e., the
second term in Eq.5) depends upon the zero-shot inference
ability obtained in the pre-training stage. With this regards,
we elaborate a test instance in the second term in Eq.5

argmax Py q(x, Vi(T)) s.t. Vi € [2: M|, V(x,y) ~ Dy v;

w(y)€EUi_,V; =

= argmax
w(y)EUéZQVJ

exp (<g<py>,f(x>>)

F(x 9Py )G\
i exp((g(Py’)Yf( )>)+Zw<y> exp( v) )

€Ul _,Vi ev(™)
(3)

where p,=T'(e(w(y))). From the elaboration, we realize
that no matter of fine-tuning the CLIP model or the prompt-
context embedding for P]Sj;y) (x,U) to pursuit our first take-
away, the first term and the second term in the denominator
of Eq.8 (the derivation of Py 4 (x, V(T))) would simultane-
ously change along with increasing the first term in the elab-
orated extensibility in Eq.5, so that only Takeaway 1 can not
guarantee the overall improvement of ACCg.

Instead, if we only tune the V(7)-specific class-name em-
bedding using D3, i.e., {e(w(y))|Vu(y) € V™Y, only
the second term in the denominator of Eq.8 will change.

In this case, decreasing exp (M), Vy' € \UCOR
Vx € Du;:le’ can encourage the update consistently im-
proving the second term in Eq.5. Since D”‘"'n v are un-
available, we turn to encourage the decrease between the

class embedding sets in V(*) and U/ V(T).
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Figure 3. The pipeline of VSFT. It is formulated into a bi-level op-
timization where it first performs submodular class-name selection
to greedily choose a small, informative subset of class names from
a large, open-vocabulary universe. This selected subset joins the
class-name prompt-loss feedback loop to fine-tune the class-name
embedding. The process allows efficiently learning CLIP from a
vast number of concepts to improve its stability and extensibility.

Takeaway 2. The class-name prompt tuning aims
to classify < x,y >~ D+,(r) into the class names
in U with the orthogonal constraint between the
class-query embedding in V(™) and U/VT), en-
couraging the extensibility improvement.

5. Submodular-Vocabulary Fine-tuning

In the previous section, we elaborate the factors behind
CLIP to steer its model robustness towards the vocabulary
scaling process Py . As demonstrated by Takeaway 1, 2, we
further formulate the class-name prompt-tuning objective to
achieve their goals:

min [E <x, {_10 P(wy) x,U
{e(w)}vwer ~<Dt§£) &g ( )
BB L, (9T (e(w)). g(T(ew)))]
w’eu/v(T)

©))
where {e(w) }ywer denotes the set including all the class-
name embedding drawn from the open-vocabulary universe
U. Note that {e(w) }vwer has to be emitted with their con-
texts so that we prefer tuning their query prompt embedding
g(T(e(w)) with frozen context embedding; the constraint
in the second term demonstrates that the optimization of
class-name embedding in V(T) (the first term) should not
go to the direction with the effect on any open classes in
U/ V(T) and A denotes the hyper-parameter to control the
trade-off between stability and extensibility.
The customized open-vocabulary learning in Eq.9, how-
ever, could be infeasible in practice: the optimization re-

quires fine-tuning the embedding vectors of all the classes
in U. It implies the large-scale training with a huge num-
ber of embedding because U should contains a sufficiently
large number of classes to promise the openness evaluation.
To this end, we prefer using a class subset S C U instead of
all the classes in U, therefore re-formulate Eq.9 into a new
bi-level optimization objective, thus,

max F({e(w)},S)

min
{e(w)}y,csuv(m) SCU/VT) |S|<K

=FE <xy> [ —log P]Eug)y)(x, Sup™)
~DY ’
FAE 0, ({9(T(e(w)) o (T(e(w))) +1) |
(10)

where the extra maximization is proposed to select K open
classes from U (at most), such that the objective functional
F(-, ) derived from each altering step could be representa-
tive enough to approximate the original objective functional
F(-,U) with regards to the variation of class-name embed-
ding through the optimization process. Besides, it is ob-
served that the value of (g(T'(e(w))),g(T (e(w’)))) range
in [—1, 1]. Given this, the second term is not promised to be
monotonic as the size of S increases, where the submodular
maximization (we elaborate in the next section) can only
be solved via the bi-level search [4] with the inferior ap-
proximation ratio. To this, we reconfigure each multiplied

pair by ((g(T(e(w))),g(T(e(w’)))) + 1) € [0,2].Hence
Eq.9 turns into a monotonic constrained submodular maxi-
mization objective (Eq.10) so that we could apply the more
simple yet effective linear greedy search [16] to obtain the
optimal S* for each turn.

Optimization. When S has been determined, the objec-
tive reduced to mingewyy o F({e(w)},S) can be

optimized by tuning the class-name embedding in SU V(™).
Existing studies [8, 18, 19] have explored this prompt-
tuning routine, which we adopt [8] into our implementation.

With the prompt-loss feedback updated in the previous
iter, the bi-level optimization objective turns to select the
optimal subset to achieve maxgcy /v |sj<x F'({E(w)},
S). It is non-trivial because the discrete optimization prob-
lem could not be solved by gradient descent, and there are
no generic algorithms to solve the subset selection prob-
lem in the polynomial time. While interestingly, the class-
set function F'({€(w)}, S) can be proved to satisfy the di-
minishing return, i.e., also known as submodularity in the
utility theory [11, 16]:
Definition 2. (Submodular function) A function f : 2" —
R is submodular if forevery AC BC Vande € V \ Bit
holds that

Agle|A) = As(e| B).

where Af(e|S) = f(SU{e}) — f(S) indicates the dimin-
ishing return property. Equivalently, a function f : 2V — R



Table 1. The neural / vocabulary scaling laws evaluated by the comprehensive comparisons of different models on CIFAR100, ImageNet
(Entity13), and ImageNet (Living17) datasets. The models are evaluated on closed-set accuracy (Acc-C), Extensibility (Acc-E), and Sta-
bility (Acc-S). The A columns show the performance drop relative to the closed-set accuracy.

CIFAR100 ImageNet (Entity13) ImageNet (Living17)

Model Acc-C  Extensibility Stability Acc-C  Extensibility Stability Acc-C  Extensibility Stability

Acc-E A Acc-S A Acc-E A Acc-S A Acc-E A Acc-S A
Neural Scaling Law:— Ak
CLIP (RN101) 68.3 554 -129 549 -134 80.4 774 -3.0 773 -3.1 77.6 745 -3.1 744 32
CLIP (ViT-B/32) 78.0 69.6 -84 689 9.1 80.8 78.0 -2.8 778 -3.0 78.0 744  -3.6 75.0 -3.0
CLIP (ViT-B/16) 79.7 726 -1.1 720 7.7 83.5 81.1 -24 81.0 -25 79.5 719 -1.6 776 -19
SLIP (ViT-B/16) 63.9 51.1 -12.8 504 -13.5 65.7 623 -34 62.0 -3.7 65.7 62.6 -3.1 625 -32
DeCLIP (ViT-B/32) 78.7 708 -7.9 704  -83 81.9 792 2.7 791 -2.8 82.1 80.2 -1.9 80.0 -2.1
PE (ViT-B/32) 78.3 703  -8.0 699 -84 81.9 794 -25 792 2.7 78.7 76.0 -2.7 758 -29
PE (ViT-B/16) 79.6 726 -7.0 720 -7.6 85.3 832 -21 831 -22 79.6 782 -14 78.0 -1.6
Vocabulary Scaling Law(ViT-B/16): Aok ok
Context-based PT (V(T)) 83.6 769  -6.7 76.7  -6.9 87.5 853 -22 855 -2.0 82.7 82.6 -0.1 813 -14
Context-based PT (U) 84.1 732 -10.9 804 27 89.2 86.6 -2.6 84.1 -25 83.2 82.6 -0.6 824 -09
Name-based PT (V(1)) 84.2 794 438 718  -64 86.8 852 -1.6 859 -0.9 83.5 83.0 -05 81.8 -0.8
Name-based PT (U) 85.6 814 42 828 2.8 88.8 87.1 -1.7 875 -13 84.1 838 -03 835 -0.6
Name-based PT + Orth (U) 87.8 837 -41 852 2.6 90.2 883 -1.9 873 -29 86.2 86.1 -0.1 843 -09

is also submodular if for every A, B C V,
f(ANB) + f(AUB) < f(A) + f(B).

The submodularity delivers many useful technical char-
acteristic to set functions, particularly, its maximization un-
der the cardinality constraint can provide the e-approximate
result to the global optima. Combine them and we have

Theorem 3. (Submodular Class-name Selection) Sup-
pose that F({e(w)},S) denotes the class-name set func-
tion with respect to ¥S C U/VT). Then F({&(w)},S)
is submodular w.t. the universe U/ Y(), therefore
maxgcy v, si<x F{E(w)},S) refers to a submodu-
lar maximization problems with the K -size cardinality con-
straint, and its global optimal subset S* can be approxi-
mated with S obtained by a greedy-search algorithm:

F({e(w)}, 5) > (1~ %)F({E(w)}»s*) (11

Hence our customized open-vocabulary learning strat-
egy is named by Submodular-vocabulary Fining-tuning
(SVFT). Fig.3 briefly illustrate the SVFT pipeline, and its
implementation details are proposed in Appendix.B.

6. Experiments

In this section, we conducted comprehensive experiments
to validate our theoretical justification in Sec.4 and the su-
periority of our SVFT approach (Sec.5).

6.1. Verification of Vocabulary Scaling Law

Understanding the CLIP-based classifier with the target vo-
cabulary scaling via the sequence {Vi(T) MM, refer to Take-
away 1,2 that jointly certify the mitigation of performance
gaps in the stability and extensibility metrics. Despite their

theoretical derivation, Takeaway 1,2 have never been veri-
fied in the empirical study. It motivates us to testify these
principles. Their verification follows the setup in [22] in-
cluding CIFAR100, ImageNet (Entity13), ImageNet (Liv-
ing17) as the benchmarks, and the vocabulary construction
details are found in our Appendix.B.

Baselines. We employ 5 baselines derived from Take-
away 1,2 to yield the thorough understanding: Context-
based PT (prompt-tuning) with the original target vocab-
ulary V() [36]; Context-based PT with the vocabulary
universe U to replace V(™) in Eq.1; As a counterpart of
Context-based PT, we also account for the baselines Class-
name PT (V1)) and Class-name PT (U) derived from the
learning-to-name mechanism [8], where the prompt opti-
mization focus on the relevant class-name embedding in
V(T) and U while the context embedding parameters in the
class-query prompt T'(-) are frozen; then the last baseline
Class-name PT + Orth (U) is derived from the Class-name
PT (U) with the additional constraint to enforce the orthog-
onal relations of the class-query embedding between V(7)
and U/V(T)_ It is noteworthy that SVFT involves the algo-
rithm design beyond the discussion to vocabulary scaling
law, hence we present its experiment later.

Ablation. The vocabulary scaling law concluded by
Takeaway 1,2, can be generally interpreted via the three
comparison cases across the baselines. (1) Context-based /
Class-name PT (V1)) v.s. Context-based / Class-name PT
(U); (2) Context-based PT (U) v.s. Class-name PT (U); (3)
Class-name PT (U) v.s. Class-name PT + Orth (U). We re-
port their original accuracy on V(T), i.e. ACC the accuracy
with regards to the stability ACCg and extensibility ACCg,
and their performance gaps /A compared with the original
accuracy, Le., A=ACCg-ACC or A=ACCg-ACC. As ob-
served in Table.1, the results in the case (1) consistently



demonstrate the superiority of learning the class name em-
bedding parameters compared with the context optimiza-
tion strategies in Acc-C. It also yields better extensibility,
in particular, when the target vocabulary is U, the extensi-
bility performance gaps refer to -10.9 (Context-based) and
-4.2 (Name-based); while the stability performance gaps
are relatively subtle. The observations are typically aligned
with the statement in Takeaway.1. In the case (2), we have
broadly observe that the extensibility and the stability of
Class-name PT (U) simultaneously exceed those presented
by Context-based PT (U), while the comparison between
Class-name PT and Context-based PT does not hold the
significant evidences on the vocabulary V(7). Note that the
suggestion in Takeaway.2 is built on the fulfillment with the
vocabulary prediction on U, henceforth the results are also
consistent with Takeaway.2. Finally, the case (3) model al-
most outperform the other baselines, which sufficiently ver-
ifies the Takeaway 2’s demonstration.

Neural scaling law v.s. vocabulary scaling law. Beyond
the aforementioned ablation pairs in vocabulary scaling law,
Table.1 we also intentionally reserve the zero-shot infer-
ence results of diverse CLIP-family models derived from
[22], in particular, e.g., CLIP, SLIP, DeCLIP, and PT, which
are trained with different scales and architectures. We find
that the benefits of neural scaling law are quite subtle in the
stability and extensibility, in particular, their performance
gaps are reduced marginally across different checkpoints.
Instead, the baselines derived from vocabulary scaling laws
obtain more significant benefits in stability and extensibility
both on their high absolute accuracy and the reduced perfor-
mance gaps compared with the original results.

6.2. Open-Vocabulary Fine-tuning

After verifying the vocabulary scaling laws, we turn to tes-
tify the superiority of SVFT under the open-vocabulary
fine-tuning background. In the previous experiments, we
find that fine-tuning baselines have already reached the high
performances with the relatively unapparent gap in regular
image recognition tasks, e.g., ImageNet (Entity13), and Im-
ageNet (Living17). Therefore, we resort to develop a more
challenging setup to reflect the stability and the extensibility
for CLIP-based fine-tuning models.

Benchmarks. Specifically, we provide the more chal-
lenging benchmarks Birds and Rare Species derived from
the subsets in [25]. The Birds and Rare Species benchmarks
were constructed to evaluate model performance under vo-
cabulary expansion. Birds contains 525 fine-grained bird
categories. Rare Species uses the unique scientific names
of 400 rare species to avoid ambiguity. For the experiments,
the augmenting vocabularies {V;}}£, are denoted by a se-
ries of open-class set selected for training, each contains
25 classes for Birds or 20 classes for Rare Species, respec-
tively. The remaining classes serve only as a pool of nega-

tive vocabulary items for expansion tests; their images are
not used. For each training class in V(7), 20 images were
designated for training under a 16-shot learning setup, with
the remaining images used for testing.

Baselines and evaluation. Distinct from Table.1 us-
ing pre-trained models to reflect the scaling law behav-
iors, the experiments on Birds and Rare Species also con-
sider more challenging baselines for open-vocabulary fine-
tuning: CoOp [36], CoCoOp [35], CLIP-Adapter [12],
MAPLE [15]. They are evaluated along with the pre-trained
CLIP and OpenCLIP fine-tuned with linear-probing to clas-
sify V(T) and achieve the zero-shot inference on U/V(T).
Besides of our original model SVFT, we also consider its
variant SVFT (VD)) obtained by fine-tuning the class em-
bedding on V(T (wo submodular class-name selection). To
provide more comprehensive results on stability and exten-
siblity, all the baselines are evaluated with 10 target vocabu-
lary scaling sequences drawn from the stochastic processes,
then the stability and extensibilty with their deviation are
plotted into the performance curves (refer to Fig.4).

Stability. On the Rare Species dataset, as the num-
ber of negative-class vocabularies grew from 20 to 400,
SVFT kept accuracy within a 2-point drop, far outperform-
ing all baselines. In contrast, the FSNL base model and
other methods degraded substantially; even the best base-
line, CLIP-Adapter, lost about 15 points. This sharp gap
highlights SVFT’s robustness to large-scale negative vo-
cabularies. Results on the Birds dataset mirror this trend:
across varying sizes of negative vocabularies, SVFT con-
sistently sustains high accuracy. These experiments under-
score two key strengths. First, SVFT offers strong vocabu-
lary scalability, remaining effective as negative categories
expand. Second, it delivers superior stability, preserving
discriminative power and reliable classification under com-
plex, open-vocabulary settings. Collectively, the evidence
demonstrates SVFT’s advancement in feature representa-
tion and class discrimination for open-world recognition.

Extensibility. Our proposed SVFT and SVFT (V(T)),
demonstrate state-of-the-art extensibility. On both the Birds
and the more challenging Rare Species benchmarks, SVFT
consistently maintains the highest accuracy as the vocab-
ulary of classes expands, proving its robust performance.
This superior extensibility is a direct result of the model’s
exceptional stability. Its advanced ability to distinguish be-
tween classes and handle distractors allows it to manage
a growing vocabulary more effectively than any baseline.
While our models consistently lead, this advantage may ap-
pear less dramatic compared to the stability tests. This is
because all models, including ours, inevitably experience
performance degradation as the extensibility gradually in-
cluding more open-class instances. The leading of SVFT is
due to its decline mitigated more effectively than any com-
petitor, yet the leading margin would be inevitably reduced
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Figure 4. The curves of open-vocabulary fine-tuning baselines (i.e., CLIP, OpenCLIP, CoOp, CoCoOp, CLIP-Adapter, MAPLE, and our
SVFT-V™) (trained on V7" without data selection, refers to Class-name PT on V*)) and SVFT) denote the variation on their stability
and extensibility metrics derived from the challenging benchmarks, i.e., Birds and Rare Species. We draw 10 target vocabulary sequence

for each experiment, then evaluate the stability and extensibility by gradually increasing M.

stability on Birds-Full

Stability on Rare Species-Full

Extensibility on Birds-Full

Extensibility on Rare Species-Full

Figure 5. The ablation of SVFT using different algorithms to select
class-name subset for each turn, and their stabilities and extensi-
bilities change. SVFT indicates the linear greedy search in default.

with more open-class samples to join the test.
Full-class-name comparison. The fine-tuning informa-
tion between SVFT and other open-vocabulary fine-tuning
baselines are different: existing baselines are proposed to
solve other problems such that 7/ V(") are supposed to be
inaccessible whereas U/V(T) solely denote a series of class
names, which should have been accessible in practical sce-
narios. To this end, we provide the fair comparison between
SVFT and the most competitive fine-tuning baselines, i.e.,
MAPLE and CLIP-Adapter, with their fine-tuning includes
full class names in U/V(T) (see Appendix.B).We also con-
duct their evaluation with the vocabulary constructed by
V(T) U §*, where S* indicates the class-name subset ob-
tained by the submodular maximization (Eq.10) after the
class-name embedding {e(w)} have been well-trained in
SVFT. The performances of MAPLE (35.00 in Birds, 86.75
in Rare Species) and CLIP-Adapter (94.76 in Birds, 91.07
in Rare Species) have been improved by incorporating the
class names in U/ V() during fine-tuning, whereas their
performances remain far behind SVFT (35.00 in Birds,
86.75 in Rare Species). Moreover, their performances on
the “adversarial classes” selected by maximizing the train-
ing objective of SVFT, become disasters (MAPLE : 54.46 in
Birds, 7.14 in Rare Species; CLIP-Adapter: 73.63 in Birds,
80.36 in Rare Species). It implies their fragility that SVFT
does not suffer from (91.06 in Birds, 87.50 in Rare Species).
Class-name subset selection analysis. To analyze how
the selection algorithms affect the performances, we com-
pare the greedy search with the other three baselines, i.e.,

Random (randomly select the same number of class names
in U); Bi-Search [4]; Full (choose the full set of class names
in the universe U). To ensure the fairness, we first run SVFT
to obtain the optimal model with the selection records on
the execution number and their training timelines, then per-
form the consistent optimization schedules by Random and
Bi-Search. Fig.5 show that the linear greedy search is the
optimal class-name selection algorithm to SVFT.

7. Limitation and Future Work

Several limitations should be acknowledged. Our frame-
work assumes a pre-defined, finite vocabulary universe
U, yet the space of possible class names is virtually un-
bounded in practice. If U fails to cover semantically confus-
ing classes at deployment, the theoretical lower bound may
become loose. Additionally, the greedy submodular selec-
tion requires evaluating marginal gains over all candidates
inU/ V(T) at each step, creating a computational bottleneck
for large-scale universes. Moreover, exclusively fine-tuning
class-name embeddings while freezing encoders limits rep-
resentational capacity for domains that diverge substantially
from CLIP’s pre-training distribution. Finally, the orthogo-
nality regularization is a tractable surrogate but not a suf-
ficient condition for extensibility, as near-orthogonality can
be trivially satisfied in high-dimensional spaces among se-
mantically related classes.

These limitations suggest promising future directions:
leveraging large language models for dynamic vocabulary
construction to relax the static universe assumption; adopt-
ing lazy or stochastic greedy strategies to reduce selection
cost at scale; investigating joint class-name and lightweight
vision-side adaptation while preserving the orthogonality
constraint; incorporating taxonomic priors for more struc-
tured regularization; extending the vocabulary scaling law
to open-vocabulary detection and segmentation; and inte-
grating SVFT into continual learning loops for truly open-
world vision—language systems.
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A. Appendix.A
In this section, we provide the proofs of Proposition.| and Theorem.3.

A.1. The Equivalence between Equations 3,4 and their original presentations

Refer to [22], and we have the original presentations of stability and extensibility:

M’
Acc-S (v<T>, v<NT>) =E.cs,,, % Z Acc(v<T> VO U (VD Y. U VSQNT>)) ,
» (12)
Acc-E =Eqes,, U ZACC (V(T) U---u VS(iT)) .
=1

Let compare them with Eq.3,4.

Stability. For Acc-S (V(T) 4% T)) and ACCS(V(T)) since s denotes the permutation set drawn from Sy, to identify
the negative vocabularies in {V( T), V(NT) VSM } Sum can be equivalently cons1dered as a set of negative
vocabulary sequences, therefore it holds {V} ~ , in Eq.3 refers to {0 (NT) x ,V(NT) VS 7 )} with respect to
Acc- S(V(T) 145 T)) when we set M = M’ + 1. We consider the Sy;/’s construction achieved by separating U into a set
of sub-vocabularies {Vj}; ~ (Y1) V. NT) : Vs,(lNlT )} then ranking them randomly (the randomness is denoted by our
probability Py ). So it leads to

Vi = Ui v = v u (VYD U uvEND) (13)
then it is obvious that
Acc (V(T) | vy (VS(INT) U---u VS(iNT))> = E<x,y>~DV(T>]I(y = argmjz}x P4 (x, Vi(T))). 14)
jev;

So the stability in Eq.3 is equivalent with its original definition.
Extensibility. We can directly set M = M’ andVj € {1,--- ,M},V; = V;(J,T). Therefore we have VZ-(T) = Uézl‘/j(T) =
ViD U UV then

Acc( v ..U %(iT)) = E<X,y>NDv(T) ]I(y = argmax Py 4(x, VZ-(T))). (15)
i jev™

So the extensibility in Eq.3 is equivalent with its original definition.

A.2. Proof of Proposition.1

Proof. From the Py’s definition, we know VI = {V;}i_, and VI, = {V;}'1] = VI UV, 4, Vi € [M — 1]. Therefore
T exp ((g(T'(e(wy))), f(%))/7)
P)g:l:?y)( Vl('f‘i) | (T .

Vil oxp ((9(T (), £())/)
_ exp({g(T(elwy))), F(x))/7)

% v, 50 (T (e(w0)), (x))/)

_ exp ((9(T(e(wy))), F(x))/7) (16)
5 v D (9T ((wi), () /) + S, &0 (9T (e(wn))), () /7)

o e (9T (euy)), F())/7)

=5 v exp (T (e(wn))), () /)

0 T
=P (x, 1").

The proposition has been proved. O



A.3. Proof of Theorem.3
Proof. Given embedding set {e(w)} are fixed (denoted by {€(w)}, consider F'({e(w)},.S)

F({e()},8) : =F <xo- | = log P2 (x, SUVD) 4 2, cyim ((9(T(e(w)), g(T(e(w)))) +1)]

tl’aln
~DIT) w'es

=E <xy> —logP; ‘“y>(x SUVINLAE , cpomy (g(T(e(w))), g(T(e(w)))) +AlS|[V D). AD

v(T) w’es

F(9) F(S)
It is obvious that F5(.S) is a modular function with respect to V.S C U/V(T) i.e., VS C So, Yw € U/{VT) U S5},

F3(S1 U{@}) = Fa(S1) =AE ey o (9(T(e(@))), g(T(e(w'))) + AT

(18)
:FQ(SQ U {’LU}) - FQ(SQ).
It is also monotonic over the subset of V(T since V.S ¢ V1), v € V(T)/S, it holds
Fy(S U{w}) = Fa(S) = AEyeven ((9(T(e(w))), g(T(e(w))) +1). 19)

Observe that Vw' € V), (g(T(e(w))), g(T(e(w’)))) +1 > 0. So Fo(S U {w}) — F>(S) > 0 and F(-) is positively
monotonic.

In terms of F'({e(w)}, S) = F1(S) + F»(S), we only need to prove F;(.S) is also positively monotonic and submodular.
More specifically, we decompose F} () by the categories w € V(T), i.e

F(S)= > Fu(Sy),

wy €V(T)
g(T(e(wy))) T f(x g(T(e(wy))) T f(x
Gt (519) = By LTI (g iy 5 ( (Tt 69
VweV (wy)
(20)
To this, we consider the set function log ) -, g exp(s;) with the universe S. If Sy C S; C Sand Vs ¢ S, it holds
log Z exp(s;) — log Z exp(s;) = log |exp(s) + Z exp(s; 1 —log lz exp(si)]
1€S1U{s} 1€S51 L i€S1 1€S1
i exp(s)
=log |1+ =——F
Zi€S1 exp(si)
[ exp(s) (21)
=log |1+
Zieib exp(si) + Zjesl/52 exp(sj)]
i exp(s)
<log [1+ ="
Zies exp(si)

= log _ Z exp(s;) — log Z exp(s

i€S2U{s} i€Ss

From the derivation, we know that log) ,_gexp(s;) is a submodular function with respect to the set S,

.
in other words, log vae‘;(wy)exp (w) is submodular about the set of words with U/V(T) as
its universe. The derivation is satisfied for all x ~ g?%( ly), with regards to the additive property,

IEXNDt\T(mT)(_M logszev(wy)exp (w) is also submodular with U/V(T) as its universe. Note that

-E,. D (ly w is constant with respect to the set variable define in the subset of U/V(T). So F;(S;y)
v



is a submodular function, and their linear combination over the categories in V(7), i.e., Fi(S;y) = ZyGV(T) Fi(S;y), is
also submodular.
Beyond this, VS ¢ V), Vw € V(1) /S, it holds

F(SU{wh) - FA(S) = > F(Su{why) - Fi(S;y)

wy, €V(T)
(g(T(e(W)))Tf(X)) (22)
vy
> 0,

exp
“Eu, evm xepygy, (1) 108 |1+ (g(T(e(w)))Tf(X))
Y

VeV (wy) EXP

so we know Fy(-) is also positively monotonic.
Therefore, F'({e(w)},S) = F1(S) + F5(S) is submodular and positively monotonic with respect to the universe U/ V(T),
and maxgcy/pm | sj<x F({€(w)}, S) a submodular maximization problem with the K-size cardinality constraint, and its

global optimal subset S* can be approximated with S obtained by a greedy-search algorithm:
A 1
F({e(w)},5) = (1 = 2)F({e(w)}, §%). (23)
O

B. Appendix.B

B.1. Implementation

In our implementation, we separately achieve the submodular subset selection with classes in V@) thus,

oy F({e()},8y) = Fi(Syi) + My s {g(T(e(uy) o(T(e(u))))

which is obviously also submodular. To this, it refers to m class-name set {Sy}wyewT) where each denotes the submodular
subset drawn with the formula above. For this, we refine the regular cross-entropy loss into

1 )
D min B ey —log (xS, 0V 24)

min T _
{e(w)}Vwev(T) |V | 1wy EVT) e(w)}vwesy ND‘\;a('r”iF)

which aims to optimize the class-name embedding both in V() and the selected open classes.

In all experiments, we setup KX = |V(T)| — 1 and the class-name subset selection is executed at the beginning of each
epoch; we setup A = 0 if we execute the stability experiments yet setup A = 1 if we execute the extensibility experiments in
this paper. We use a single Nvidia A100 GPU to finish all experiments, and the wall-clock time is 2 hours for Rare Species
and 5 hours for Birds.

The algorithm is shown in Algo. |

B.2. Experimental Setup

Here we provide the experimental setups in our first and second experiments.

Backbone Models, Benchmarks, and Baselines: The backbone model for our first and the second experiments is CLIP
and OpenCLIP (ViT-B/16), pre-trained on the LAION-400M dataset. In the first experiment, we adopt the benchmarks and
baselines consistent with . The second experiment is conduct on the following two benchmarks:

* Birds: Contains 525 distinct bird species. We randomly select 25 classes for training and use the remaining 500 classes as
distractor (negative) vocabulary for evaluation.

* Rare Species: Contains 400 rare species. We randomly select 20 classes for training, with the remaining 380 classes serving
as the distractor vocabulary. For both datasets, we follow a 16-shot learning protocol. For each training class, 16 image
samples are used for fine-tuning, and the rest are reserved for the test set. The images corresponding to the distractor
vocabulary are not used in either training or testing.

For the Birds dataset, we add 25 distractor classes at each step, up to the full set of 525 classes. For the Rare Species dataset,
we add 20 distractor classes at each step, up to the full set of 400 classes. This protocol allows us to measure the stability and
robustness of each model as the size of the negative vocabulary increases, simulating a real-world open-vocabulary scenario.



Algorithm 1: Example algorithm

Input: Pre-trained CLIP encoders f,g; V(T), U/V(T), Py,
Parameter: class-name embedding {e(w)}
Output: Fine-tuned class-name embedding {e* (w)}

1: while per epoch do

2 Vwy € VIS, = arg maxg cp v s, 1<k F({e(w)}, Sy) (Parallel executed across classes in V),

3. while B ~ D do

. . (wy)
4: mln{e(w)}VweMT) ﬁ Zwer(T) mln{e(w)}wesy E <xy> — log Pf,gy (X, Sy U V(T))

NDt\;a(‘"T)
5. end while
6:  Update {e(w) bvwevmu(s,}.y)-
7: end while
8: return {e*(w)}

Then we compare our SVFT method against several baselines, including the zero-shot performance of CLIP and Open-
CLIP, as well as state-of-the-art parameter-efficient fine-tuning (PEFT) methods: FSNL (our base model), CoOp, CoCoOp,
CLIP-Adapter, and MaPle. Note that MaPle is implemented on the original CLIP (ViT-B/16) backbone due to its architectural
modifications to both the vision and language encoders.

Hard-to-Classify Set Selection: Before fine-tuning, we construct a hard-to-classify vocabulary set for each of the |[V(7) |
training classes. This is modeled as a submodular maximization problem, which we solve using a greedy algorithm. The ob-
jective function for the greedy selection is the FSNL model’s loss, which effectively identifies the most confusing vocabulary
for each target class. This stage is computationally intensive and is performed as a pre-processing step.

Parallel Fine-Tuning: We fine-tune the model using the 16-shot training data.

Optimizer: We use Stochastic Gradient Descent (SGD). Learning Rate: The base learning rate is set to 2e-4 for a batch
size of 128 and is scaled linearly with the actual batch size. A cosine annealing schedule is used for learning rate decay.

Batch Size: To enable efficient parallel processing of hard-set losses, the batch size is set to |V(T) |n shots. For example,
for the Birds dataset, the batch size is 25 x 16 = 400.

Epochs: The model is fine-tuned for 200 epochs.

Evaluation Protocol: To assess performance under vocabulary expansion, we measure top-1 classification accuracy on
the test set. The evaluation begins with a vocabulary consisting only of the |V(T)| training classes. We then incrementally add
distractor classes from the negative vocabulary pool.
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